This paper proposes a novel hierarchical predictive energy management algorithm with fast global SoC planning speed in PHEV. The algorithm consists of two layers：the upper fast global SoC planning level and the lower short-term vehicle speed predictive and model predictive control (MPC) level. The upper level strategy is driven by traffic data and formulates an optimal global SoC trajectory as the constraints of MPC. In the lower level, the short-term vehicle speed is predicted as the disturbance, and via associating with the obtained global SoC, the optimal energy management strategy can be developed to satisfice the fuel consumption requirements in real time. To evaluate the control strategy, we compare the SoC trajectories obtained from fast global planning (FP) and dynamic programming (DP). Then, the curve is applied to the MPC control level (FP-MPC) and compared with the control effect of the MPC based on the CDCS global SoC (CDCS-MPC). Numerical results illustrate the effectiveness of the fast global SoC planning method and the significant impact via introducing the method into the predictive energy management of PHEV.
Introduction
The rising concern about the Connected and automated vehicle (CAV) powerfully impels the development of modern intelligent transportation systems (ITS) [1] , which makes the traffic dates more accessible and accurate. The traffic information can be perceived by sensors, radars and cameras [2] . What's more, they are also able to be inquired from vehicle navigation systems such as GPS [3] and 3-D terrain maps [4] , [5] . The aforementioned developments provide the opportunity to make full use of traffic information in many vehicle areas like velocity planning [6] , energy management [7] , [8] and so on.
The energy management problem (EMP) is of critical importance for hybrid electric vehicle (HEV). Over the past 10 years, in particular, the problem has been intensively studied in the published literature. There are three major research directions of EMP: dynamic programing (DP) [9] , equivalent consumption minimization strategy (ECMS) [10] , and model predictive control (MPC) [11] . An important prerequisite for the DP algorithm is that the global conditions are known [12] , [13] . With the prior knowledge, DP can provide a provably optimal energy management strategy. However, in reality, the exact knowledge of the driving profile is hardly accessible for us. Besides, the calculation of DP is quite complex for real time. As a result, DP solutions are mainly used as benchmarks for optimality [14] . ECMS is an established approach that determines the optimal power split at each time instant rather than over a time horizon [15] , [16] . It doesn't need global information, but an appropriate equivalence factor is hard to choose, and we cannot ensure that ECMS produces globally optimal performance [17] . MPC can be viewed as a compromise between DP and ECMS. It divides the global problem into small pieces and minimizes a series of cost functions over receding time horizons [18] . With the predictive ability, MPC can achieve better performance over each instant approach of global. This attractive property has generated increased attention from automobile industry practitioners [19] . This paper investigates a novel traffic data enabled predict energy management strategy with fast global SoC planning speed. We assume the vehicle follows the traffic flow speed and extracted the global velocity from traffic information. According to the velocity profile, a fast SoC trajectory planning strategy based on displacement and affected by driving cycle is proposed. The SoC trajectory is used as a boundary condition, together with the predicted vehicle speed, for the MPC control plane. The structure of the energy management strategy is demonstrated in Fig. 1 . The main contributions include: · The driving cycle is obtained and the vehicle dynamics model is established.
·A fast global SoC trajectory planning strategy is proposed · The SoC reference is used for Hierarchical Predictive Energy Management in PHEVs
The remainder of the paper is organized as follows. In Section II, the traffic data are collected and processed, and vehicle dynamic model is established. Section III introduces the fast global SoC trajectory planning Section IV completes the short-term velocity prediction and formulates the model predictive control problem. Simulation results are illustrated in Section V, followed by a conclusion in Section VI. 
System Modeling

Traffic data collection and processing
The development of ITS leads to deeper application of traffic information for CAVs. Reference [20] presents a traffic monitoring system -Mobile Century. The Mobile Century vehicles are able to acquire their positions and velocities every 3 seconds. In this paper, we select a traffic congestion period as our object to reflect the uncertainty and complexity of the driving environment. We assume that the global traffic velocity data updates every 300 s, and divide the road into 120 segments (160 m/segment) for velocity sampling.
The traffic flow speed of a specific road segment is the average velocity of vehicles passing the segment, denoted as:
Where is the average velocity of road segment j, N is the number of vehicles in the segment, is the speed of vehicle i.
Assuming that the PHEV follows the same velocity profile as the traffic flow speed. However, the speed trajectory is piecewise. To produce a more realistic and trackable velocity signal, we smooth V with a butterworth filter. The extracted and filtered velocity trajectories are shown in figure. 2.
Figure 2 Extracted and filtered velocity trajectories
Vehicle dynamics modeling
The object hybrid electric bus adopts a power split hybrid configuration. As figure. 3 shows, the engine, generator and motor are coupled to output torque and speed through a planetary row. Among them, the engine, generator and motor are respectively connected to the planet carrier, sun gear and ring gear of the planetary row, and the power is output through the ring gear. The specific formulas are as follows:
The vehicle longitudinal acceleration is calculated by
where M is the vehicle mass, variable v is the vehicle velocity, i is the integrated ratio of gearbox and final drive, is the output torque of motor, ℎ is the rolling radius of wheel, g is the gravitational acceleration, is the road grade, and f is the rolling resistance coefficient. Parameters. , A, are the air. The relationship between longitudinal velocity and motor rotation speed is
where is the output rotation speed. The constraints of the planetary row on the system are as follows
Where R is the number of teeth of the ring gear and S is the number of teeth of the sun gear
The engine fuel flow rate and the motor efficient are modeled as a nonlinear map that depends on their torque and speed
The battery power and the battery SoC can be calculated by
Where is battery discharge power, V and R are the open-circuit voltage and internal resistance, respectively;
and Q are the battery current and capacity, respectively. 
Upper level SoC fast planning
The optimal SoC trajectory calculation must be fast enough to follow the traffic flow dynamics. The commonly used DP method is proficient for powertrain control but excessively complex for SoC trajectory calculation for this particular purpose [12] . Therefore, we propose a novel fast global SoC planning strategy in this paper. Under the premise of known working conditions, the strategy is based on displacement, and the battery SoC trajectory changes with the driving mileage, considering the charging and discharging conditions under different working conditions.
As discussed in the previous section, the global speed condition can be extracted from traffic information. According to their different velocity and acceleration, Vehicle operating conditions can be divided into four categories: high power demand, low power demand, parking, and braking energy recovery, as figure. 4 shows.
Where v is the vehicle speed, a is the vehicle acceleration, Then, the acceleration displacement , constant displacement and deceleration displacement can be calculated.
The battery charge or discharge conditions varies under different working conditions. Here, we define the charge and discharge coefficient under three conditions as:
, , , which represent the acceleration coefficient, the constant coefficient and the deceleration coefficient.
In order to make the SoC trajectory varies with working conditions while satisfying the global constraints, we define the total discharge coefficient as:
Where k is the total discharge coefficient, 0 and are the initial and final SoC, respectively. Then, the real time SoC can be calculated. 
Lower level MPC control
Short-term velocity prediction
In recent work, artificial neural networks (ANNs) have proven effective in terms of both accuracy and ease of use on velocity prediction [21] . In this paper, we employ a radial basis function neural network (RBF-NN) [22] based velocity predictor to predict short-term vehicle velocity.
The ANN-based predictor can capture the highly nonlinear driving patterns in a comprehensive sense via learning from representative driving cycles, such as: Urban Dynamometer Driving Schedule, HWFET, New European Driving Cycle, and US06. The input of the predictor is a historical velocity sequence, and the length of the sequence is ℎ . The output is a short-term future velocity sequence , and the length of it is . Here, both ℎ and
The predicted short-term future velocity sequence is sent to the lower level MPC controller as the vehicle speed request in each receding horizon.
A real driving cycle is selected for validation of the ANN-based predictor, and the highway driving data are collected from Mobile Century. The root-mean-square errors (RMSEs) of the predicted velocity sequences and the result are shown in Fig.5 . As we can observe, nearly 90% of the RMSEs are below 1.5 m/s at the 10 second predict horizon. Therefore, we conclude that the RBF-NN velocity predictor is accurate enough for our energy management strategy. 
Predictive energy management
The EMP in the lower MPC control level is formulated as a constrained nonlinear optimization problem and solved by DP at each time instant [23] . According to the powertrain dynamics, we require two independent control inputs to render a causal system. In this paper, we choose and . Denoting x as the state variable, u as the control variable, d as the system disturbance, and y as the output, the proposed powertrain model can be represented as (12) Where s is the calorific value of gasoline. In addition, the following physical constraints must be enforced
To ensure that the ideal result is accessible, the supervised long-term SoC trajectory developed in section III is employed as the terminal SoC constraint. This approach guides the SoC trajectory based on future traffic conditions without being restrictive in preventing deviations due to unknown disturbances [26] . In this paper, we select time-domain-dependent as the SoC reference ̅̅̅̅̅ (( + ) ) = * (( + ) ) (14) Where ̅̅̅̅̅ is the SoC calculated in this strategy, and * is the optimal SoC trajectory generated from the supervisory SoC planning level in Section III.
Simulation
The proposed fast global SoC planning method and MPC control strategy are both evaluated in this section. The simulation is conducted in MATLAB, and the vehicle parameters used for simulation are extracted from Autonomies [24] , and summarized in Table I . To verify the energy management strategy, the driving cycles must exceed the pure driving range to ensure the energy distribution between engine and motor. We analyze 16 standard working conditions including Standard ChinaCity, Standard NEDC, and Standard UDDS, and divide the combination into City condition, Composite condition and Suburbs condition according to the speed range. Each type consists of six operating conditions and the classification results are shown in Table 2 . 
Fast global SoC planning Validation
The fast global SoC planning strategy is validated by comparing the generated SoC trajectory with the DP method. The initial battery SoC and terminal SoC are set as 0.9 and 0.3 respectively. The simulation results of the SoC trajectories generated by the three methods in city, composite and suburbs cycles are shown in the figure 5. good follow-up effect on the curve obtained by DP, especially in urban low-speed conditions, the SoC curves obtained by the two methods are almost coincident. Under high Suburbs and Composite cycle, the SoC obtained by the FP method can also follow the downward trend of DP, but there is a certain deviation in the falling slope. In order to carry out a more in-depth analysis of the three methods, we further compare the calculate time and RMSe of the three methods. As the data shown in Table 3 , We can see that the calculation time of DP is about 200-300s, while FP only needs about 1s; the root mean square error of FP relative to DP varies between 3.7-7.5. We can conclude that FP can significantly reduce computational cost with a small amount of precision compared to DP.
Energy management evaluation
To evaluate our control strategy, we selected a more representative driving cycle and compared the control results of DP, FP-based MPC and CDCS-based MPC under the cycle. The driving cycle and comparison of SoC results is shown in Figure 7 , and the final energy consumption result is shown in Figure 8 . It is clear that DP is close to FP-MPC, while there is a relatively large difference from CDCS-MPC. We can find that although CDCS-MPC uses more batteries in the early stage and uses less engine, it has more fuel consumption, less battery and more total energy consumption than other methods. The energy consumption curves of FP-MPC and DP are relatively close, and the relationship of thier total energy consumption is DP<FP-MPC<CDCS-MPC.
To further analysis the simulation results, we list the final energy consumption data in Table 4 . The battery energy consumption is converted to the fuel consumption value for comparison purposes. We can see that FP-MPC and CDCS-MPC eventually consume an equivalent of 2.81 and 4.12 equivalent fuel more than DP. With DP as a reference, FP-MPC can reduce energy consumption by 1.3% compared with CDCS-MPC. The simulation results show that MPC can significantly reduce the energy consumption under the premise of meeting the real-time computing requirements, which also proves the effectiveness of the strategy. 
Conclusion
A newly fast global SoC planning method proposed in this paper shows great potential. Compared with DP, the Fast global SoC planning can significantly reduce computational cost with minimal precision sacrifice, and the FP-MPC method can effectively reduce energy consumption compared with CDCS-MPC, which is of great significance for the real-time performance of PHEV energy management. The simulation results show that the global SoC constraint obtained by applying this method is very similar to the result obtained by using DP, especially in urban low-speed conditions. However, the global SoC trajectory generated by FP is only very effective in the case of relatively simple urban low-speed conditions. When the driving cycles are more complicated, there is a certain deviation from the curve obtained by DP. In the future work, we will further improve the FP method so that it can perform well under various conditions.
